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Abstract—Automatic lane-changing is a complex and critical 
task for autonomous vehicle control. Existing researches on 
autonomous vehicle technology mainly focus on avoiding obstacles; 
however, few studies have accounted for dynamic lane changing 
based on some certain assumptions, such as the lane-changing 
speed is constant or the terminal state is known in advance. In this 
study, a typical lane-changing scenario is developed with the 
consideration of preceding and lagging vehicles on the road. Based 
on the local trajectory generated by the global positioning system, 
a path planning model and a speed planning model are 
respectively established through the cubic polynomial 
interpolation. To guarantee the driving safety, passenger comfort 
and vehicle efficiency, a comprehensive trajectory optimization 
function is proposed according to the path planning model and 
speed planning model. In addition, a dynamic decoupling model is 
established to solve the problems of real-time application to 
provide viable solutions. The simulations and real vehicle 
validations are conducted, and the results highlight that the 
proposed method can generate a satisfactory lane-changing 
trajectory for automatic lane-changing actions. 
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ADAS advanced driving assistant systems 
PFP potential field projection method 
RRT rapidly exploring random tree 
TP preceding vehicle on the target lane 
TL lagging vehicle on the target lane 
P preceding vehicle on the initial lane 
E the ego vehicle 
GPS global positioning system 
NGSIM next generation simulation 
SLC the static lane-changing 
DOLC dynamic optimized lane-changing 
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the longitude and latitude degree at the nth point of 
initial trajectory 
n
s  the path length at the nth point 
s  the distance along the road 
  the lateral position perpendicular to s direction 
n





the updated longitude and latitude position at the 
nth point of the planed trajectory 
n
S  the path length at nth point of the new trajectory 
a,b,c,d  the coefficients of the cubic polynomial equation 














k  the slope of   at the current and end point 
n  the index of arbitrary trajectory points within global 
trajectory points 
n





the azimuth angle at the nth point of initial and new 
trajectory 












the vehicle acceleration at the current and end point 
limit
v  the road speed limit 
  the adjustable coefficient of the end point speed 
n
t  the time interval between two adjacent points 
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n
v  the speed of autonomous vehicle at the point n 
i
t  the current time interval 
n
acc  the acceleration at the trajectory point n 
max
  the maximum yaw rate 
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the curvature at the first and nth point of the new 
trajectory 
( : )i e
 , 
( : )i e
v  
the curvature and speed set from the point i to the 
end point e 
  the yaw rate set from the current point i to the end 
point e 
i
S , eS  




the distance percentage between the trajectory 
points n and n-1 in the newly planned path 
  the percentage from the point i to the end point e 
TP
b , TLb  





v  the current speed of the vehicle TP and TL 
TP
SA  
the minimum distance constraint between the 
vehicle E and TP from the point i to the end point e 
TL
SA  
the minimum distance constraint between the 
vehicle E and TL from the point i to the end point e 
P
v  the current speed of the vehicle P 
 
Pn
D  the distance from the vehicle E to P at point n 
TPn
D  the distance from the vehicle E to TP at point n 
TLn
D  the distance from the vehicle E to TL at point n 
m  
the index of the last trajectory point which belongs 
to the original lane during the lane-changing 
process 
( : )P i m
D  the distance between the vehicle E and P from point 
i to m 
lw
L  the lane width 
m






J  the cost function of efficiency, comfort and safety 
 ,  ,   the weighting coefficients of Je, Jc and Js 
0
d  a constant distance 
h




d  the following distance with the vehicle P and TP 
lc
t  the lane-changing duration 
k  the speed adjustment coefficient 
  the adjustment coefficient 
I. INTRODUCTION 
owadays, high energy conservation efficiency, safety and 
transportation convenience represent mainstream 
developing directions in automobile industry [1], and 
transportation safety is always the top priority when driving 
vehicles. Statistical studies reveal that 94% traffic accidents are 
incurred by driving faults including distraction, fatigue and 
emotional driving [2]. Autonomous driving technologies 
provide an effective solution to mitigate these problems and 
promote automobile development [3]. In particular, advanced 
driving assistant systems (ADAS), such as adaptive cruise 
control, autonomous emergency braking and lane keeping 
assistant, have been widely investigated to reduce potential 
traffic accidents and improve driving safety [4]. Currently, 
industry and academia have been actively engaged in 
development of autonomous vehicles [5], and these enabling 
technologies can be merged to improve vehicle safety, relieve 
transportation congestion and optimize driving behavior [6]. 
The key technologies of autonomous driving mainly include 
perception, planning and control [7]. Additionally, some 
investigations are focused on human-automation synergetic 
driving [8] and interactions between autonomous vehicles and 
pedestrians [9]. Amongst them, trajectory planning is one of the 
most important and complex tasks [10], and it can be generally 
divided into two stages: global planning and local decision [11]. 
Global planning mainly accounts for trajectory determination 
of the whole driving route with the help of digital map and local 
operating system, whilst local trajectory planning can be 
defined as real-time determination for transition of vehicles 
from one feasible state to the next state subject to constraints on 
kinematics capability, comfort, lane boundary, traffic rules and 
obstacles [12]. Among a series of local decision actions, lane-
changing planning is obviously an essential task, and existing 
planning methods can be grouped into three categories, i.e., 
artificial potential fields, cell decomposition and optimal 
control algorithms. 
Artificial potential fields mainly consist of attractive fields 
and repulsive fields in terms of the end goal and obstacles. In 
Zhou et al.’s research [13], two attractive and repulsive fields 
corporately operate to achieve path planning of a robot. Hu et 
al. [14] propose a combined artificial potential field for 
autonomous driving, and it includes the target, road, lane, 
vehicle and velocity potentials. The collision avoidance path of 
autonomous vehicle is determined by the gradient method 
based on the superposition of different potential functions, and 
the experiments manifest the feasibility of proposed method on 
highways. The trajectory of future objects and their associated 
uncertainties are considered in [15] based on the potential field 
projection method (PFP), which combines the classical 
potential field method with a multi-rate Kalman filter 
estimation. Daily et al. [16] calculate the potential field for a 
series of circular obstacles inserted into the unobstructed 
potential field, thereby representing complex shaped obstacles 
for vehicle path planning. The proposed method can reduce 
massive computation intensity of the artificial potential field. 
However, the planned trajectory planned may be trapped in a 
local minimum, and artificial potential field methods cannot 
effectively tackle the vehicle kinematic constraints and thus 
discount the vehicle safety [17]. 
Cell decomposition divides the surrounding environment 
into different shaped regions, and each cell represents an 
obstacle at a corresponding position of environment. In this 
context, the Dijkstra algorithm is introduced in [18] to 
determine the set of paths to destinations. In this set, other roads 
N 
in the crossing area are isolated by a virtual border, and the 
synthetic road is further divided into multiple sections. Zheng 
et al. [19] add the angle evaluation to the cost function of A-star 
algorithm, thereby finding the lowest path inflection point to 
quickly determine the optimal path. In addition, rapidly 
exploring random tree (RRT) based methods are widely applied 
in autonomous path planning. In [20], RRT is exploited to 
conduct the path planning for autonomous vehicles. However, 
discontinuous characteristics and calculation complexity raised 
by the method still need to be further investigated [21].  
Optimal control algorithms are widely adopted for trajectory 
planning to find the optimal or sub-optimal trajectory 
effectively. Werling et al. [22] propose a trajectory generation 
algorithm based on the optimal control of on-road driving in the 
presence of dynamic and static obstacles. A polynomial curve 
is commonly exploited to generate decision trajectories. Zhou 
et al. [23] adopt the Pontryagin’s maximum principle to find the 
solutions of quadratic optimal control problems and propose a 
vehicle trajectory planning method for autonomous on-ramp 
merging operation. In [24], the trajectory is optimized 
considering safety and smoothness constraints under a rich set 
of kinematically feasible spatial path candidates generated by 
the polynomial curve. Hu et al. [11] present a dynamically 
optimized path planning method based on the cubic spline 
fitting interpolation and fully takes the static safety, 
comfortability and dynamic cost into account. 
Lane-changing is essentially a complex driving behavior, 
which may involve actions and reactions of a number of on-
road vehicles and show significant impact on driving safety. It 
is imperative to investigate the lane-changing trajectory 
planning techniques, which can be divided into two types: static 
planning and dynamic planning methods. Static planning 
methods usually plan a trajectory before the lane-changing, and 
the vehicle will follow the planned trajectory during the whole 
lane-changing process. Whereas, the dynamic planning method 
can plan the trajectory with a certain frequency during the lane-
changing process. Although the trajectory planning has been 
widely investigated, most of the researches are mainly focused 
on avoiding obstacles and yet ignore influences of dynamic 
surroundings. Cui et al. [25] decompose the lane-changing 
trajectory to the x-direction and y-direction, and adopt a quintic 
function to fit the lane-changing trajectory. By this manner, the 
problem is converted into a constrained optimization problem. 
Wang et al. [26] propose a trajectory planning method for 
automated lane-changing operations, and similarly the quintic 
function is exploited to link the initial position with the final 
position of the ego vehicle. However, the lane-changing 
trajectory planning methods mentioned above only consider the 
instantaneous traffic state and are therefore difficult to cope 
with the dynamic driving conditions. To the authors’ 
knowledge, only few research findings account for dynamic 
lane-changing trajectory planning. Luo et al. [27] build an 
optimized lane-changing trajectory model considering dynamic 
road constraints. The minimum safe distance is employed to 
avoid collision during the lane-changing process, thereby 
promoting adaption to the variation of surrounding vehicles to 
a certain extent. Even so, the lane-changing trajectory is not 
dynamically updated. To compensate the drawbacks during the 
lane-changing process, Yang et al. [28] design a rollover 
avoidance algorithm, together with a collision avoidance 
method, to guarantee lane-changing safety; and on this basis, a 
series of trajectories can be generated during the lane-changing 
process with a certain frequency to achieve the dynamic 
trajectory planning. However, the proposed planning model 
ignores the car-following scenarios before and after lane-
changing. Furthermore, the proposed method is difficult to be 
applied on curvy roads. In conclusion, the discussed methods 
highlight the following common shortcomings that need to be 
properly tackled. Firstly, when encountered with curves, their 
radius should be known a priori, leading to difficulties of online 
application; secondly, the initial and final lane-changing state is 
assumed the same, and obviously it cannot be attained all the 
time in reality; and thirdly, the surrounding vehicles need to be 
carefully considered to guarantee safety during the lane-
changing process. Furthermore, when the state of surrounding 
vehicles changes suddenly, how to adjust the trajectory timely 
and plan a new trajectory for returning back to the original lane 
should also be investigated.  
Motivated by these considerations, this study designs a 
pragmatic dynamic trajectory planning model for lane-
changing of autonomous vehicles. First, to cope with the 
difficulty that the lane-changing segments are not always 
straight and are hard to be accurately formulated, a flexible 
lane-changing trajectory planning method is proposed to 
account for different road geometries. In it, a cubic polynomial 
model is established based on discrete global trajectory points 
to generate the lane-changing path. To ensure safety and 
comfort of the vehicle as well as the efficiency of lane-changing, 
a comprehensive trajectory optimization function is designed to 
improve the overall lane-changing performance. To solve the 
problems in the scope of real-time application, a dynamic 
decoupling model is established. Finally, simulations and real 
vehicle validations are conducted, and numerical results 
highlight that the proposed method can generate a satisfactory 
lane-changing trajectory. The main contributions of this paper 
can be attributed to the following three aspects: 
(1) A flexible and general lane-changing trajectory planning 
method is proposed for different road conditions. Even when 
the geometric information is unknown, the planned trajectory is 
still proved to be effective. 
(2) The proposed lane-changing trajectory planning method 
achieves the real dynamic lane-changing trajectory planning, 
and the trajectory is dynamically updated in each iteration. 
Moreover, when the state of surrounding vehicles changes 
suddenly and becomes inappropriate for lane-changing, the 
method can plan a trajectory for returning to the original lane. 
(3) The proposed method fully considers car-following 
behaviors and can solve the speed planning and lane-changing 
end point, respectively. In addition, the method simplifies the 
solving process, reduces the calculation complexity and 
improves the real-time application potential. 
The remainder of this paper is structured as follows. Section 
II introduces the lane-changing trajectory generation module, 
Section III illustrates the lane-changing trajectory module, 
Section IV conducts the detailed simulation and real vehicle 
validation, and finally Section V draws the main conclusions. 
II. LANE-CHANGING TRAJECTORY GENERATION MODULE   
A typical lane-changing scenario is shown in Fig. 1, 
including a preceding vehicle on the target lane, a lagging 
vehicle on the target lane, a preceding vehicle on the initial lane, 
and the ego vehicle, which are respectively referred to as TP, 
TL, P and E for simplicity. Note that if the traffic environment 
is identical for the left lane-changing case and the right lane-
changing case, the planning method will generate the same 
vehicle trajectory except the turning direction. This paper takes 
the left lane-changing scenario as an example. For ease of 
tackling the lane-changing trajectory planning problem, two 
assumptions are imposed here: 1) the vehicle receives the lane-
changing command from the upper controller at the current 
moment [29]; and 2) the lagging vehicle on the target lane will 
adjust its own speed according to the speed of the ego vehicle. 
On this basis, the trajectory planning module needs to plan a 
safe, comfortable and efficient trajectory. To attain it, a multi-
objective optimization algorithm for the lane-changing 
trajectory design is developed, as shown in Fig. 2. First, the 
lane-changing intention is launched through the upper 
controller. Second, the candidate trajectory is generated through 
the coordinate transformation. Then, the candidate trajectory is 
optimized in real time with the consideration of efficiency, 
safety and comfort. Finally, the optimal trajectory is 
implemented to achieve the lane-changing control. 
 
Fig. 1. Autonomous vehicle lane-changing process.  
 
Fig. 2. Flowchart of the proposed path planning method. 
A. Coordinate Transformation of Discrete Curve Road 
In this study, a safe and comfortable trajectory from the 
original lane to the target lane is designed with the compliance 
of the global route requirement [30]. Actually, the global route 
is a set of high-precision discrete points of the road center line 
collected by the global positioning system (GPS). It is a multi-
dimensional array including the information of longitude, 
latitude and azimuth angle. By numerical conversion, the 
longitude and latitude are oriented into a high-precision map 
with the precision of mere multiple centimeters. Generally, the 
acquired high-precision trajectory consists of random curve 
points. To facilitate generation of lane-changing path planning 
under diverse conditions, the path length of each point needs to 
be solved, as: 
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where the subscript n denotes the index of an arbitrary trajectory 
point within the number of global trajectory points, and the 
global trajectory points can be collected along the road center 
line via the GPS in advance. 
n
x  and 
n
y  denote the longitude 
and latitude degree at the nth point of initial trajectory, 
respectively; and 
n
s  represents the path length at the nth point. 
By solving 
n
s , the vehicle position can be mapped from the 
Cartesian coordinate into the s −  coordinate. By this manner, 
the lane-changing path planning problem can be transformed 
into the lateral offset of each trajectory in the s −  coordinate, 
as shown in Fig. 3. However, to control the path tracking, the 
solution should be mapped back to the Cartesian coordinate 
based on the following transformation, as: 
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where 
n
X  and 
n
Y  denote the updated longitude and latitude 
position at the nth point of the new trajectory, respectively; 
n

denotes the planning offset of the nth point; 
n
S  represents the 
path length at nth point of new trajectory; 
n
h  means the 






, . The related manifestation is shown in Fig. 4.  
 
Fig. 3. Coordinate transformation. 
 
Fig. 4. Coordinate expression of azimuth angle. 
B. Path Generation Method 
To generate the lane-changing path, we need to design an 
algorithm to solve the lateral offset  . In this study, a cubic 
polynomial function, proposed by Werling et al. [22], is 
employed to describe the relationship between   and s  
during the lane-changing process. The cubic polynomial 
function can generate a smooth curve and only entails four 
parameters. Assuming that the lane width is 
lw
L ,   can be 
formulated as: 
3 2
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And we can also attain: 
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where k  denotes the slopes of   and s . k  and   are one-
dimensional array with the same number of elements as s . a , 
b , c  and d  denote the coefficients of the cubic polynomial 
equation. By assuming that the autonomous vehicle shows a 
qualified tracking capability, the current trajectory point i  can 
be precisely located. Supposing the current lateral offset, the 
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where e , equaling with lwL , is the lateral offset at the end 
point of the lane-changing process. ek  means the slope of   
at the end point and is set to 0. es  denotes the final path position 
after the lane change. At each time step, a , b , c  and d  are 
updated dynamically with 
i
s  and es . The solution diagram is 
shown in Fig. 5. As such, the lane-changing path planning 
problem can be transformed into the issue of determining the 
path length of 
e
s . The azimuth angle of the planned path 
n
H  
can be calculated as:  
= ( )arctan
n n n
H k h−                          (7) 
where 
n
k  denotes the slope of   and s  at the nth point.  
  
Fig. 5. Solution diagram of cubic polynomial. 
C. Speed Planning Method 
Although some researches have investigated the trajectory 
planning techniques for dynamic lane-changing, most of 
emerging works assume that the speed at the end of the lane-
changing process is usually supposed to be equal with the initial 
velocity [27, 28]. However, in real applications, the lane-
changing vehicle often adjusts its speed dynamically on the 
account of safety and comfort concerns during the process. 
Therefore, it is necessary to establish a dynamic speed planning 
model in the whole lane-changing process. To ensure that the 
acceleration is continuous, and the lane-changing process is 
smooth, similarly, a cubic polynomial model is employed as 
before. According to the research in [25], the relationship 
between the vehicle speed and path length during the lane-
changing process can be formulated, as: 
3 2
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where v  is the planned velocity of the ego vehicle, which is a 
one-dimensional array and has the same number of elements as 
s . e , f , g  and h  are the parameters of the cubic polynomial 
and can be solved by: 
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where iv  and iacc  denote the current vehicle speed and 
acceleration that can be acquired from the onboard vehicle 
control unit. ev  and eacc  represent the vehicle speed and 
acceleration at end point, and 
e
acc  is set to 0. e , f , g  and h  
are dynamically updated with different 
i
s , es  and ev . To 
comply with traffic rules and reduce the calculation amount 
during optimization, ev  needs to be constrained, as: 
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where 
limit
v  is the road speed limit, and   is an adjustable 
coefficient. Obviously, larger   leads to wider optimization 
scope. In addition, the destination speed 
e
v  needs to meet the 
acceleration limit and the vehicles speed limit on the target lane, 
which will be introduced afterwards.  
Based on the modeling and analysis discussed previously, the 
dynamic lane-changing trajectory planning problem is 
transformed into a problem determining the terminal point es  
and terminal speed ev , which will be detailed in the next step. 
III. LANE-CHANGING TRAJECTORY OPTIMIZATION MODULE 
The quality of the planned trajectory is critical and can 
directly affect the performance of automatic lane changing. In 
this study, three criteria in terms of efficiency, comfort and 
safety are adopted to evaluate the performance of the designed 
lane-changing trajectory in real time. 
A. Efficiency 
As the sketch of the lane-changing process crosses two lanes, 
long duration of the process not only affects the traffic 
efficiency, but also increases the potential safety hazard of 
autonomous vehicles. Thus, it is imperative to endeavor to 
shorten and optimize the lane-changing duration. The time 
interval between two adjacent trajectory points in the lane-
changing process 
n
t  can be expressed as: 
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where 
n
v  denotes the speed of the ego vehicle at the point n . 
The efficiency cost function model can be established, as: 
= ( )
e
J sum t                                   (12) 
where eJ  expresses the cost function of efficiency, t  indexes 
the time interval between two adjacent trajectory points from 
current point i  to the end point e , and ( )sum t  denotes the sum 
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where 
n
acc  is the acceleration at the trajectory point n , and the 
current acceleration 
i
acc  can be collected through the 
controller area network communication in real time. 
B.  Comfort 
To promote comfort during the lane-changing process, the 
yaw rate and lateral acceleration are considered as constraints, 
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acc  denotes the acceleration set from the current 




acc  and ( : ) )min( i eacc  denote the maximum and 
minimum value in 
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acc  and 
E
b  are the maximum 
allowable acceleration and deceleration of the autonomous 
vehicle during the lane-changing process. To calculate the yaw 
rate, the curvature of new planned trajectory needs to be solved 
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where 
n
  is the curvature at the nth point of the new trajectory. 
As a result, the yaw rate from the current point to the end 
position of the lane-changing can be calculated, as: 
( : ) ( : )
=
i e i e
v                                    (16) 
where  , 
( : )i e
  and 
( : )i e
v  respectively express the yaw rate, 
curvature and speed from the current point i  to the end point e  
of the planned new trajectory. The distance percentage between 
two adjacent trajectory points in the lane-changing process can 
be yielded, as: 
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where 
n
  denotes the distance percentage between the 
trajectory points n  and -1n  in the newly planned path. Now, 
the comfort cost function 
c
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where   is the percentage from point i  to the end point e , and 
( )sum    expresses the sum of elements in   . 
C.  Safety 
In most of the dynamic lane-changing researches, the driving 
safety is only considered as a constraint, rather than an 
optimization objective. However, autonomous vehicles should 
aim to tackle this weakness. Given this, a cost function in terms 
of safety is considered in this paper. First, a minimum collision 
avoidance model is designed, as: 
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where 
TP
v  and 
TL
v  are the current speed of the vehicle TP  and 





b  and 
TL
b  represent the maximum deceleration 
of the vehicle E , TP  and TL . 
TP
SA  and 
TL
SA  denote the 
minimum distance constraint between the vehicle E  and TP , 
E  and TL  from the point i  to e . Here, the speed of vehicle 
P , TP  and TL  is assumed to be unchanged for simplicity 
during the lane-changing process. The distance from the vehicle 
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TLi
D  are the 
current distance from the vehicle E  to P , TP  and TL , which 
can be estimated by the perception module. In addition, the cost 
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where sJ  denotes the cost function of safety. TPD  and TLD  
represent the distance between the vehicle E  to TP  and TL  
from the point i  to e . 
( : )P i m
D  indicates the distance between 
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Now, a comprehensive cost function can be established, as: 
e c s
J J J J  = + +                             (23) 
where  ,   and   are the weighting coefficients of eJ , cJ  
and 
s
J , respectively.  ,   and   indicate the importance of 
efficiency, comfort and safety in the integrated optimization 
algorithm. The larger weighting coefficient indicates that the 
corresponding criterion is prior to other criteria during the 
optimization process. For example, if the efficiency factor 
becomes larger, the trajectory planned by the optimization 
algorithm will perform lane-changing in a possibly shorter time, 
and the trajectory length along the s direction will be shorter. 
Different drivers show different preferences in terms of three 
factors, e.g., people paying more attention to efficiency expect 
that the vehicle can finish the lane-changing process in shorter 
duration. Thus, the coefficient corresponding to efficiency will 
be enlarged correspondingly. Now, the optimization module 
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Note that the proposed lane-changing trajectory planning 
method is designated to simultaneously solve the speed 
planning and path planning. Therefore, both the speed limit and 
collision-avoidance are correlated with the speed and distance 
directly. As a result, the optimization method is subject to the 
constraints on speed and distance, as detailed in (24). By this 
manner, we can find the optimal lane-changing trajectory with 
the incorporation of efficiency, comfort and safety model by 
solving es  and ev . By means of the equation derivation 
detailed previously, it can be concluded that the optimal 
trajectory is related to es  and ev . However, there are three 
situations that still need to be further tackled:  
1) As shown in (24), the lane-changing is a coupling problem, 
and the optimization function is non-convex and 
computationally complex, leading to difficulty of real-time 
operation.  
2) Existing optimization models are used only to plan an 
optimal lane-changing trajectory, whereas they do not consider 
the vehicle’s status under the adaptive cruising condition before 
and after the lane-changing process.  
3) The optimization algorithm may not find a feasible 
solution; therefore, the lane-changing operation cannot be 
continued, and the vehicle needs to return back to the original 
lane. Otherwise, the ego vehicle will be in a dangerous situation. 
Thus, the proposed lane-changing planning method will not 
take risks to plan one more trajectory at the future point. Instead, 
the ego vehicle will continue to perform the lane-changing, 
until a feasible lane-changing trajectory is generated by the 
optimization algorithm. 
D.  Speed Solution  
In practice, vehicle following actions may exist before and 
after lane-changing, therefore the speed solution in lane-
changing process is based on the traditional adaptive cruise 
model. First, the following distance needs to be calculated, as: 
( )i
Ps i h 0
lw
TPs i h 0
2
d v t 1 d
L
d v t d

=   − +

 =  +
  (25) 
where Psd  and TPsd  represent the following distance with the 
vehicle P and TP, respectively. 
h
t  denotes the time headway, 
usually set to 2 s, and 
0
d  is set to 5 m. The speed of the vehicle 
E in next step can be determined by: 
min[ ( ), ( )],  
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 (26) 
where k  is the speed adjustment coefficient and is set to 0.008. 
E. Final Path Position Solution  
The end position of lane-changing es  can be calculated by:  
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where   is the adjustment coefficient, lct is lane-changing time, 
and is set to 6 s.  
To now, we can conclude that a dynamic decoupling 
algorithm is designed by means of the end point position and 
speed decoupling technique. In the next step, the simulation and 
real vehicle test are respectively performed to validate the 
feasibility of the proposed algorithm. 
IV. VALIDATION AND DISCUSSION 
In this study, the traffic simulation and the real vehicle test 
are conducted to verify the effectiveness of the proposed 
trajectory planning method. 
A. Simulation Validation  
In this section, the proposed method (referred to as the 
dynamic decoupling lane-changing (DDLC) method), together 
with two commonly used lane-changing trajectory planning 
methods, including the static lane-changing (SLC) method, the 
dynamic optimized lane-changing (DOLC) method, are 
employed under the same scenarios for performance 
comparison. The SLC method is currently mostly applied 
among all the existing methods, and it assumes that the speed 
of the preceding and lagging vehicles on the target lane remains 
unchanged during the lane-changing process. In addition, the 
SLC method only considers the traffic environment at the 
decision instant to plan the lane-changing trajectory, which is 
unable to be adjusted during the whole lane-changing process. 
Thus, the SLC method can be used only in simple and static 
scenarios and, therefore, is difficult to plan a feasible and safety 
trajectory under dynamic and complex conditions [25,26]. In 
contrast, the DOLC method mainly accounts for the variation 
of environment and updates the lane-changing trajectory 
dynamically with a certain frequency during the lane-changing 
process, thereby improving the safety when encountering with 
complex and dynamic driving environments [27, 28]. However, 
the DOLC method is time-consuming and does not consider the 
car-following behavior before and after lane-changing. To 
overcome the limitations of DOLC method, the proposed 
DDLC method with the consideration of car-following behavior 
can solve the speed planning and the lane-changing end point 
simultaneously, and also the parameter’s solving process is 
simplified. The DDLC method cannot only plan the lane-
changing trajectory with a certain frequency under different 
road conditions, but also enables the vehicle to return back to 
the original lane under dangerous situations.  
To evaluate the feasibility of the proposed algorithm, the 
traffic simulation is performed in this paper, which includes 
three typical driving cycles. The driving cycle I is a relatively 
simple lane-changing scenario, the speed of the preceding 
vehicle is set to 60 km/h. The driving cycle II is more complex, 
the initial speed of the lagging vehicle on the target lane is faster, 
and the distance to the ego vehicle is shorter. The driving cycle 
III represents the medium speed and highly dangerous scenario, 
and the distance among vehicles is quite small. By means of the 
three simulations, the viability of the planned trajectory can be 
fully examined.  
a. Validation under Driving Cycle Ⅰ 
In driving cycle I, the lane-changing decision of all methods 
takes place at 10 s. The speed of vehicle P is set to 60 km/h, and 
the speed of TP and TL is randomly selected from the NGSIM 
dataset, trying to represent the real dynamic traffic environment 
[31]. The speed variation of the vehicles P, TP and TL can be 
found in Fig. 7. The comparison results are shown in Figs. 6 to 
8. Note that Fig. 6 illustrates the driving path of each vehicle 
over the entire lane-changing process, rather that the real-time 
positions. The vehicle trajectories of these three methods are 
shown in Fig. 6. By the SLC method, the lane-changing process 
occurs during 10 s to 16.49 s. The method plans the lane-
changing trajectory based only on the state at 10 s, and the speed 
remains the same during the whole process. Obviously, it is not 
safe. By the DOLC method, the lane-changing process occurs 
during 10 s to 16.77 s. By the DDLC method, the lane-changing 
process sustains from 10 s to 17.04 s. The speed of DOLC and 
DDLC methods changes dynamically according to the traffic 
environment, as shown in Fig. 7. In this study, the maximum 
yaw acceleration is introduced to represent the comfort level of 
the lane-changing process. As shown in Fig. 8, the maximum 
yaw acceleration values by the SLC, DOLC and DDLC 
methods under this driving condition are -1.31×10-3 rad/s2, -
1.25×10-3 rad/s2 and -1.16×10-3 rad/s2, respectively. It indicates 
that the comfort by the DDLC method is optimal under the 
driving cycle I. The redundant safety distance is designed as the 
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The redundant safe distances results are shown in Fig. 9. All 
the three methods meet the minimum safe distance to complete 
the lane-changing operation. At about 12 s, the redundant safe 
distance from the vehicle TL drops sharply, as the vehicle TL 
accelerates at this time, and the speed is much higher than that 
of the vehicle E. Since the SLC method keeps the speed 
constant, the minimum redundant safe distance of the SLC 
method is only 7.60 m. By contrast, the DOLC method 
calculates the optimal trajectory in real time. There exists 
obvious acceleration for the vehicle E at 12 s, and the minimum 
redundant safe distance increases to 12.48 m. By the DDLC 
method, the vehicle E follows the vehicle ahead to adjust its 
speed dynamically, and the minimum redundant safety distance 
is 8.45 m. In terms of safety, the DOLC method outperforms 
the DDLC method and SLC method under driving cycle I.  
 
a) Planned trajectory by SLC method  b) Planned trajectory by DOLC method 
 
c) Planned trajectory by DDLC method  d) Lateral offset of three methods 
Fig. 6. Planned trajectory by three methods in driving cycle I. 
  





















































































































    c) Vehicle speed by DDLC method  d) Speed of vehicle E by three methods 
Fig. 7. Vehicle speed by three methods in driving cycle I. 
 
Fig. 8. Yaw acceleration by three methods in driving cycle I. 
   a) Redundant safety distance     b) Redundant safety distance  
                  by SLC method              by DOLC method 
 
 
  c) Redundant safety distance by DDLC method  
Fig. 9. Redundant safety distance by three methods in driving cycle I. 
It can be seen from Fig. 7. (c) that the ego vehicle’s speed 
can closely match the putative leading vehicle's speed profile. 
It indicates that the ego vehicle can adjust its speed according 
to the environment, thereby meeting the lane-changing safety 
requirement. In addition, considering the real-time requirement 
of the proposed algorithm, the calculation time of these three 
methods in the lane-changing process is statistically analyzed. 
All the algorithms are conducted on a laptop computer with the 
central processor unit of Intel Core i7-8750h and the memory 
size of 16 Gigabytes, and the timestep of simulation is 0.01 s. 
The related statistical results are shown in Table Ⅰ. Note that the 
real-time performance denotes the ratio of lane-changing time 
over the computation time. As can be clearly observed, both the 
SLC and DDLC methods lead to preferable real-time 
performance, while the DOLC method shows the worst real-
time performance due to the long computation time when 
conducting online optimization. 
TABLE Ⅰ 








SLC 5.98 4.52 1.32 
DOLC 6.25 70.25 0.09 
DDLC 6.85 5.93 1.16 
To comprehensively compare the performance of the 
methods under the preset driving condition, equation (29) is 

























    (29) 
where 
i





x  denote the maximum and minimum values of all 
methods under the evaluation index, as listed in Table III. It can 
be concluded that little difference emerges among the three 
methods in efficiency and comfort under driving cycle I, the 
SLC method highlights the highest score in lane-changing 
efficiency, and the DDLC method excels in comfort. The 
DOLC method shows the optimal performance in safety; 
however, its real-time performance is extremely poor, making 
it hardly suitable for practical applications. In short, the 
proposed DDLC method outperform the other two methods in 
the overall performance comparison. 
TABLE Ⅱ 
THE PERFORMANCE OF EACH METHOD UNDER THE DRIVING CYCLE I 
Evaluation index 
Standardized scores 
SLC DOLC DDLC 
Efficiency 100.00 95.86 92.19 
Comfort 88.55 92.80 100.00 
Safety 60.90 100.00 67.71 
Real-time performance 100.00 6.82 87.88 
b. Validation under Driving Cycle Ⅱ 
Under driving cycle II, the lane-changing decision of all the 
methods takes place at 4 s. The initial speed of vehicle TR is 
faster, and the distance to vehicle E is shorter. All the three 
methods can plan the smooth lane-changing path, as shown in 
Fig. 10. As can be found, the lane-changing duration of the SLC 
method is the longest, 7.82 s, while those of the DOLC and 
DDLC methods are 6.26 s and 6.81 s, respectively. It can be 
seen in Fig. 11 that after the lane-changing decision is made at 
4 s, the DOLC and DDLC methods generate a trajectory with 
an acceleration during the lane-changing process. Whilst, the 
SLC method always maintains the speed unchanged during the 
lane-changing process. As shown in Fig. 12, the maximum yaw 
acceleration value in terms of the SLC, DOLC and DDLC 
methods under the current driving condition is -1.20×10-3 rad/s2, 
-1.59× 10-3 rad/s2 and -0.54× 10-3 rad/s2, respectively. The 
redundant safe distances results are shown in Fig. 13. The lane-
changing process of the SLC method ranges from 4 s to 11.82 
s. At 11.40 s, the lane-changing margin safety distance becomes 
-0.28 m, obviously less than zero, thus violating the predefined 
safety criterion. Hence, the SLC method is unable to plan the 
route normally under driving cycle Ⅱ. On the contrary, the 
DOLC and DDLC methods can acquire the information of the 
surrounding vehicles in real time and plan the lane-changing 
trajectory dynamically with a certain frequency. Both methods 
can gradually increase the surplus safety distance after the lane-
changing action begins, and the minimum surplus safety 
distance is 7.22 m at the beginning. The calculation time of the 
three methods under driving cycle Ⅱ is shown in Table Ⅲ. It 
can be seen that the simulation efficiency of each method is 
relatively close to that under the driving cycle Ⅰ. The real-time 
performance of the DOLC method showcases the worst value. 
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In addition, the real-time performance of the proposed DDLC 
method is as good as that of the SLC method. 
 
 a) Planned trajectory by SLC method  b) Planned trajectory by DOLC method 
 
 
c) Planned trajectory by DDLC method  d) Lateral offset of three methods 
Fig. 10. Planned trajectory by three methods in driving cycle II. 
 
 
a) Vehicle speed by SLC method       b) Vehicle speed by DOLC method 
 
     c) Vehicle speed by DDLC method d) Speed of vehicle E by three methods 
Fig. 11. Vehicle speed by three methods under driving cycle II. 
 
Fig. 12. The yaw acceleration by three methods under driving cycle II. 
 
     a) Redundant safety distance             b) Redundant safety distance  
               by SLC method                                     by DOLC method    
 
 
c) Redundant safety distance by DDLC method 
Fig. 13. Redundant safe distance by three methods under driving cycle II. 
The main evaluation matrices of each method under driving 
cycle Ⅱ is listed in Table Ⅳ. As can be found, the real-time 
performance of the SLC method perform best, whereas the 
safety of lane-changing is unable to meet the conditions. The 
DOLC method leads to satisfactory performance in efficiency 
and safety, while the corresponding disadvantages in comfort 
and real time performance are obvious. The DDLC method 
raises the optimal performance in terms of safety and comfort, 
and the lane-changing efficiency and real-time scores are also 
superior. To sum up, the DDLC method can perform the lane-
changing planning with the promising performance and 
obviously outperform the SLC and DOLC methods. 
TABLE Ⅲ 








SLC 7.82 7.22 1.08 
DOLC 6.26 73.06 0.09 
DDLC 6.81 7.12 0.96 
TABLE Ⅳ 
THE PERFORMANCE OF EACH METHOD UNDER DRIVING CYCLE II 
Evaluation index 
Standardized score 
SLC DOLC DDLC 
Efficiency 80.05 100.00 91.92 
Comfort 45.00 33.96 100.00 
Safety 0 100.00 100.00 
Real-time performance 100.00 8.33 88.89 
c. Validation under Driving Cycle Ⅲ  
The driving cycle Ⅲ represents the medium speed and highly 
dangerous condition. The distance among vehicles is quite 
small, and the lane-changing decision occurs at 0.5 s. All three 
methods can design the smooth lane-changing path, as shown 
in Fig. 14. However, the DDLC method chooses to return back 
to the original lane, as the surplus safety distance to the 
following car is less than 0 at 3.38 s. At 9.13 s, the surplus safety 
distance from the lagging vehicle is greater than 0. Then, the 
DDLC method re-executes the lane-changing behavior and 
completes the lane change at 15.78 s. The lane-changing 
duration of the SLC, DOLC and DDLC methods is 7.83 s, 6.71 
s, and 6.65 s, respectively. The speed change of each method is 
shown in Fig. 15. As can be found from Fig. 16, the maximum 
yaw acceleration by the SLC, DOLC, and DDLC methods 
under this driving condition is -6.02×10-3 rad/s2, -6.32×10-3 
rad/s2 and -6.02×10-3 rad/s2, respectively. The three methods 
show slight difference in comfort index.  
 
   a) Planned trajectory by SLC method b) Planned trajectory by DOLC method 
 
 
 c) Planned trajectory by DDLC method    d) Lateral offset of three methods 
Fig. 14. Planned trajectory by three methods in driving cycle III. 
The surplus safety distance under driving cycle Ⅲ is 
sketched in Fig. 17. The lane-changing process of the SLC 
method occurs during 0.5 s to 8.33 s, and the lane-changing 
surplus safety distance is less than zero (-4.85 m) at 3.44 s. Thus, 
the SLC method cannot meet the requirement of safety. The 
lane-changing process of the DOLC method occurs during 0.5 
s to 7.21 s. However, at 3.48 s, the lane-changing surplus safety 
distance is less than zero (-0.70 m). Instead, the DDLC method 
is the only lane-change trajectory planning method which 
works under three driving cycles without the violation of safety 
distance threshold. The time to complete the lane-changing by 
the DDLC method is from 9.13 s to 15.78 s, and the minimum 
surplus safety distance during the lane-changing is 0.02 m at 
9.13 s. By this manner, the superiority and feasibility of the 
proposed DDLC method is justified. 
 
       a) Vehicle speed by SLC method     b) Vehicle speed by DOLC method 
 
  c) Vehicle speed by DDLC method    d) Speed of vehicle E by three methods 
Fig. 15. Vehicle speed by three methods in driving cycle III. 
 
Fig. 16. Yaw acceleration by three methods in driving cycle III. 
 
a) Redundant safety distance               b) Redundant safety distance 
                 by SLC method                                      by DOLC method  
 
 
c) Redundant safety distance by DDLC method  
Fig. 17. Redundant safety distance by three methods in driving cycle III. 
The calculation time of three methods under driving cycle Ⅲ 
is listed in Table Ⅴ. It can be seen that the simulation efficiency 
of each method is relatively close to that under the driving 
cycles I and II. The real-time performance of the DOLC method 
is still the worst. Furthermore, with the increase of the 
complexity of driving environment, the DDLC method still can 
achieve preferable real-time performance. The evaluation 
matrices of each method under the driving cycle Ⅲ are listed in 
Table Ⅵ, from which we can find that both the SLC and DOLC 
methods cannot finish the lane-changing safely. Instead, the 
DDLC method attain the optimal results in terms of safety, 
comfort and efficiency. Furthermore, the real-time performance 
is much better than that of the DOLC method. 
 
TABLE Ⅴ 








SLC 7.83 3.40 2.30 
DOLC 6.71 51.52 0.13 
DDLC 6.65 5.64 1.18 
TABLE Ⅵ 
THE PERFORMANCE OF EACH METHOD UNDER DRIVING CYCLE III 
Evaluation index 
Standardized scores 
SLC DOLC DDLC 
Efficiency 84.93 99.11 100.00 
Comfort 100.00 95.25 100.00 
Safety 0 0 100.00 
Real-time performance 100.00 5.65 51.30 
As safety is the most important criterion during the lane-
changing process. The comprehensive score of each method is 
calculated according to the proportion of 0.2: 0.2: 0.4: 0.2 for 
efficiency, comfort, safety and real-time performance, as shown 
in Table Ⅶ. Compared with the SLC method, the total score 
of the DOLC method increases by 1.89%, and the DDLC 
method increases by 46.41%. Considering the performance 
under the three driving cycles, the DDLC method shows 
obvious advances in comprehensive performance, highlighting 
its full feasibility. 
TABLE Ⅶ 
THE PERFORMANCE OF EACH METHOD UNDER THREE DRIVING CYCLES. 
Evaluation index 
Standardized scores 
SLC DOLC DDLC 
Efficiency 88.33 98.32 94.7 
Comfort 77.85 74.01 100.00 
Safety 20.30 66.67 89.24 
Real-time performance 100.00 6.93 76.02 
Comprehensive score 61.36 62.52 89.54 
B. Virtual Scene Co-simulation 
The path tracking with high velocities always remains a 
challenging task. To verify the traceability of the planned path, 
a joint simulation is conducted based on MATLAB/Simulink 
and Carsim. This study employs the Stanley trajectory tracking 
control strategy detailed in [32], which takes the current 
position and reference trajectory as the inputs and the target 
steering wheel angle as the output. The system framework of 
co-simulation is shown in Fig. 18. The proposed DDLC method 
updates the lane-changing trajectory based on the information 
of the surrounding vehicles, ego vehicle and initial trajectory. 
Then, the lateral controller and PID speed controller 
respectively calculate the steering and throttle/brake according 
to the current state and reference trajectory. After that, the 
virtual scene designed in Carsim shows the final movement.  
We record the vehicle motion in the virtual scene, which 
adopts the same traffic environment as that of the DDLC in 
simulation. The virtual scenes before, during and after the lane-
changing process is shown in Fig. 19. As can be found, the 
simulation is performed on the curvy road. The tracking 
performance is shown as Figs. 20 and 21, from which we can 
find that the planned path can be tracked precisely, indicating 
that the planned trajectory can meet the requirements of 
tracking control algorithm. The lateral tracking error is shown 
in Fig. 21. Compared with the initial trajectory, the maximum 
lateral error is less than 0.2 m, which is incurred by the larger 
curvature of the planned lane-changing trajectory. 
 
Fig. 18. System framework of virtual scene co-simulation. 
    
a) Before lane-changing   b) During lane-changing    c) After lane-changing 
Fig. 19. The lane-changing scene on the curved road. 
 
Fig. 20. Comparison of planned path and tracking path. 
 
Fig. 21. Lateral tracking error. 
C. Real Vehicle Test and Validation 
We applied the trajectory planning method to a real vehicle. 
The experimental vehicle is an autonomous bus equipped with 
GPS, inertial navigation unit (INU), Mobileye and AutoBox of 
dSPACE, as shown in Fig. 22. Note that since the vehicle to 
vehicle (V2V) communication and vehicle to infrastructure 
(V2I) communication are still under development, we cannot 
acquire the information of surrounding vehicles. Hence, this 
study only verifies the feasibility of path planning during the 
lane-change in real road. 
 
Fig. 22. The test vehicle. 
The road experiment was conducted in a prototype 
development and validation center. As shown in Fig. 23, the 
global trajectory is an annular road. When there is a stationary 
vehicle P in front, the ego vehicle makes the decision of lane-
changing according to the established rules. An instance of 
lane-changing process is shown in Fig. 24. As can be seen, the 
proposed DDLC method can effectively generate a smooth 
trajectory during the lane-changing process. When the initial 
speed of vehicle E is 15 km/h and the target speed is 30 km/h, 
the vehicle E starts to accelerate until it gets close to the vehicle 
P, and then steps into the ACC mode. At 6.3 s, the vehicle E 
decides to change the lane, the steering angle of E is shown in 
Fig. 24 (b). Finally, the vehicle completes the lane-changing 
process safely and successfully. The velocity variation of E is 
shown in Fig. 24 (c). The whole process was recorded during 
the experiment, and the channel changing process is shown in 
Fig. 25. As can be found, the results demonstrate the 
practicability of the proposed trajectory generation algorithm.  
 
Fig. 23. The experimental road.  




























a) The vehicle trajectory 





















  b) Steering angle of lane change                      c) Vehicle speed. 
Fig. 24. An instance of lane-changing process.  
  
























c) Start the lane-changing    d) Finish the lane-changing 
Fig. 25. The whole lane-changing process.  
V. CONCLUSION 
This paper proposes a dynamic lane-changing trajectory 
planning method based on the discrete global trajectory under 
complex and dynamic scenarios. The vehicle path and speed of 
the lane-changing are generated through the cubic polynomial 
function during the lane-changing process in real time. First, the 
trajectory generation model is established through the discrete 
global trajectory information. Then, the dynamically trajectory 
planning method is proposed, and the corresponding cost 
function is designed to optimize the generated trajectory in real 
time with the full consideration of efficiency, safety and 
comfort. Given the challenges in the dynamic lane-changing 
trajectory planning, the decoupling lane-changing trajectory 
planning method is established by means of the vehicle end 
position and speed decoupling technique. Finally, the joint 
simulation and real vehicle test are conducted to verify the 
feasibility and effectiveness of the proposed algorithm. The 
simulation results demonstrate that the dynamic decoupling 
lane-changing trajectory planning method exhibits great 
advances in terms of safety, comfort and efficiency under 
complex scenarios. The experimental results also highlight the 
viability of the proposed trajectory generation algorithm. In 
conclusion, this study solves the real-time lane-changing 
trajectory optimization based on the actual discrete global 
trajectory in a complete dynamic environment. 
However, there still exist some research limitations and 
future works required to be addressed. In this research, it is 
assumed that the sensor can accurately obtain the relative 
position and motion parameters of the surrounding vehicles. 
Whereas, some noise will emerge during the actual lane-
changing process and will generate a passive impact on the 
decision-making and trajectory planning. Thus, the sensor noise 
filtering and multi-source information fusion techniques will be 
investigated to acquire more precise position in the future 
research. Moreover, the future trajectory of surrounding 
vehicles will be predicted before the lane-changing trajectory 
calculation to improve the robustness and adaptability of the 
proposed methodology in complex dynamic environment. The 
fuel consumption of the proposed lane-changing trajectory 
planning method will also be taken into account in our future 
research. In addition, it is important to emphasize that we 
assume the autonomous vehicle can fully track the planned 
trajectory, and thus a good trajectory tracking controller needs 
to be developed in the future study.  
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